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1
METHOD AND SYSTEM FOR DETECTING
SEA-SURFACE OIL

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims priority to U.S. provisional appli-
cation having Ser. No. 61/691,102, filed on Aug. 20, 2012,
which is hereby incorporated by reference in its entirety.

BACKGROUND OF THE INVENTION

1. Field of the Invention

Embodiments of the invention provide techniques for ana-
lyzing a sequence of video frames. More particularly,
embodiments of the invention provide a combination of a
camera system and a computer vision engine and machine
learning system configured to detect and evaluate the pres-
ence of sea-surface oil, e.g., surrounding an offshore drilling
platform.

2. Description of the Related Art

Some currently available video surveillance systems pro-
vide simple object recognition capabilities. For example, a
video surveillance system may be configured to classify a
group of pixels (referred to as a “blob”) in a given frame as
being a particular object (e.g., a person or vehicle). Once
identified, a “blob” may be tracked from frame-to-frame in
order to follow the “blob” moving through the scene over
time, e.g., a person walking across the field of vision of a
video surveillance camera. Further, such systems may be
configured to determine when an object has engaged in cer-
tain predefined behaviors. For example, the system may
include definitions used to recognize the occurrence of a
number of pre-defined events, e.g., the system may evaluate
the appearance of an object classified as depicting a car (a
vehicle-appear event) coming to a stop over a number of
frames (a vehicle-stop event). Thereafter, a new foreground
object may appear and be classified as a person (a person-
appear event) and the person then walks out of frame (a
person-disappear event). Further, the system may be able to
recognize the combination of the first two events as a “park-
ing-event.”

However, such surveillance systems typically are unable to
identify or update objects, events, behaviors, or patterns (or
classify such objects, events, behaviors, etc., as being normal
or anomalous) by observing what happens in the scene over
time; instead, such systems rely on static patterns defined in
advance. Thus, in practice, these systems rely on predefined
definitions for objects and/or behaviors to evaluate a video
sequence. Unless the underlying system includes a descrip-
tion for a particular object or behavior, the system is generally
incapable of recognizing that behavior (or at least instances of
the pattern describing the particular object or behavior). More
generally, such systems are often unable to identify objects,
events, behaviors, or patterns (or classify such objects, events,
behaviors, etc., as being normal or anomalous) by observing
what happens in the scene over time; instead, such systems
rely on static patterns defined in advance.

No currently available video surveillance systemis capable
of reliably identifying sea-surface oil, which can result from
operations incident to the normal operation of an offshore oil
platform or oil spills, leaks, etc. Although the optical proper-
ties of oil-films in the visible, UV, and IR spectral regions
have been studied extensively, a system designed to identify
sea-surface oil must address constant variations in the mari-
time environment, including changes in illumination angle,
transparency, aerosols, haze, cloud cover, and transitions
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2

between night and day. Such variations can produce false-
positive and otherwise erroneous identifications of sea-sur-
face oil.

SUMMARY OF THE INVENTION

One embodiment of the invention includes a method for
analyzing a scene depicted in an input stream of video frames
captured by one or more cameras. This method may include,
for one or more of the video frames, identifying one or more
foreground blobs in the video frame. Each foreground blob
may correspond to one or more contiguous pixels of the video
frame determined to depict sea-surface oil. This method may
further include evaluating the one or more foreground blobs
to derive expected patterns of observations of sea-surface oil
within a field-of-view of the cameras. The input stream of
video frames may be generated by one or more long wave-
length infrared (LWIR) cameras.

In a particular embodiment, this method may further
include, after deriving the expected patterns of occurrences of
sea-surface oil, receiving a set of foreground blobs identified
in a subsequent one of the video frames and, upon determin-
ing that at least a first one of the foreground blobs does not
correspond to at least one of the expected patterns of occur-
rences of sea-surface oil, generating an alert message.

Another embodiment includes a method of analyzing a
scene depicted in an input stream of video frames. This
method includes, for one or more of the video frames, iden-
tifying one or more foreground blobs in the video frame. Each
foreground blob generally corresponds to contiguous pixels
of the video frame determined by a behavior recognition
system to depict a patch of sea-surface oil. Further, the behav-
ior recognition system is configured to learn to distinguish
between foreground objects depicting patches of sea-surface
oil and false positive detections of patches of sea-surface oil
resulting from noise occurring in the one or more video
frames. Upon determining one of the foreground blobs
depicts a patch of sea-surface oil deviates from expected
patterns of sea-surface oil derived by the behavior recognition
system, an alert message is generated. Examples of noise
include that result in false-positive foreground blobs may
include lighting, absorption, and extinction artifacts in the
video frames.

BRIEF DESCRIPTION OF THE DRAWINGS

So that the manner in which the above recited features,
advantages, and objects of the present invention are attained
and can be understood in detail, a more particular description
of the invention, briefly summarized above, may be had by
reference to the embodiments illustrated in the appended
drawings.

It is to be noted, however, that the appended drawings
illustrate only typical embodiments of this invention and are
therefore not to be considered limiting of its scope, for the
invention may admit to other equally effective embodiments.

FIG. 1 illustrates components of a video analysis system,
according to one embodiment of the invention.

FIG. 2 further illustrates components of the video analysis
system shown in FIG. 1, according to one embodiment of the
invention.

FIG. 3 illustrates a system for generating a synthetic video
stream for detecting sea-surface oil and deriving expected
patterns in the synthetic video stream, according to one
embodiment of the invention.

FIG. 4 illustrates spectral radiance contrast between sea-
water and modeled surface oil.
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FIG. 5 illustrates an exemplary geometry for mounting
video cameras on an offshore oil platform, according to one
embodiment of the invention.

FIG. 6 illustrates a method for detecting and reporting on
anomalous sea-surface oil, according to one embodiment of
the invention.

DETAILED DESCRIPTION OF THE PREFERRED
EMBODIMENTS

Embodiments of the present invention provide a method
and a system for analyzing and learning to identify unusual
dispersions of oil floating on a liquid surface. A computer
vision engine may be configured to process video frames
from multiple cameras observing a common region of sea
surface. The computer vision engine may evaluate frames of
video to determine what pixels depict seawater (background)
and what pixels depict oil floating on the sea surface (fore-
ground). Contiguous regions of pixels classified as fore-
ground are passed to a machine learning engine, which
observes a variety of features of the foreground blobs to learn
expected patterns in the scene and issue an alert when unex-
pected, anomalous oil patches are observed.

In one embodiment, a multiplexor module is configured to
receive video streams (also referred to herein as “signals™)
from three or more long-wavelength infrared (LWIR) cam-
eras whose output is filtered by distinct band-pass filters and
multiplex the signals to generate a single synthetic signal
whose brightness indicates a match with an IR signature of
sea-surface oil. A computer vision engine determines, from
the synthetic signal, foreground blobs representing patches of
contiguous pixels having values indicating a match to the IR
signature of oil, and further extracts features such as position,
size, change in size, etc. which are pertinent to sea-surface oil.
In turn, a machine learning engine is configured to build
models of certain behaviors within the scene based on the
foreground blobs and extracted features, and determine
whether observations indicate that the behavior of an object is
anomalous or not, relative to the model. In one embodiment,
e.g., the machine learning engine may model observed sea-
surface oil over time, and determine whether any given fore-
ground blob corresponding to sea-surface oil is unusual or
anomalous relative to prior sea-surface oil which has been
observed. The machine learning engine may issue an alert
when anomalous sea-surface oil is observed so that the oil
may be investigated.

In the following, reference is made to embodiments of the
invention. However, it should be understood that the inven-
tion is not limited to any specifically described embodiment.
Instead, any combination of the following features and ele-
ments, whether related to different embodiments or not, is
contemplated to implement and practice the invention. Fur-
thermore, in various embodiments the invention provides
numerous advantages over the prior art. However, although
embodiments of the invention may achieve advantages over
other possible solutions and/or over the prior art, whether or
not a particular advantage is achieved by a given embodiment
is not limiting of the invention. Thus, the following aspects,
features, embodiments and advantages are merely illustrative
and are not considered elements or limitations of the
appended claims except where explicitly recited in a claim(s).
Likewise, reference to “the invention” shall not be construed
as a generalization of any inventive subject matter disclosed
herein and shall not be considered to be an element or limi-
tation of the appended claims except where explicitly recited
in a claim(s).
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One embodiment of the invention is implemented as a
program product for use with a computer system. The pro-
gram(s) of the program product defines functions of the
embodiments (including the methods described herein) and
can be contained on a variety of computer-readable storage
media. Examples of computer-readable storage media
include (i) non-writable storage media (e.g., read-only
memory devices within a computer such as CD-ROM or
DVD-ROM disks readable by an optical media drive) on
which information is permanently stored; (ii) writable storage
media (e.g., floppy disks within a diskette drive or hard-disk
drive) on which alterable information is stored. Such com-
puter-readable storage media, when carrying computer-read-
able instructions that direct the functions ofthe present inven-
tion, are embodiments of the present invention. Other
examples media include communications media through
which information is conveyed to a computer, such as through
a computer or telephone network, including wireless commu-
nications networks.

In general, the routines executed to implement the embodi-
ments of the invention may be part of an operating system or
a specific application, component, program, module, object,
or sequence of instructions. The computer program of the
present invention is comprised typically of a multitude of
instructions that will be translated by the native computer into
a machine-readable format and hence executable instruc-
tions. Also, programs are comprised of variables and data
structures that either reside locally to the program or are
found in memory or on storage devices. In addition, various
programs described herein may be identified based upon the
application for which they are implemented in a specific
embodiment of the invention. However, it should be appreci-
ated that any particular program nomenclature that follows is
used merely for convenience, and thus the invention should
not be limited to use solely in any specific application iden-
tified and/or implied by such nomenclature.

FIG. 1 illustrates components of a video analysis and
behavior-recognition system 100, according to one embodi-
ment. As shown, the behavior-recognition system 100
includes a video input source 105, a network 110, a computer
system 115, and input and output devices 118 (e.g., a monitor,
akeyboard, a mouse, a printer, and the like). The network 110
may transmit video data recorded by the video input 105 to
the computer system 115. Illustratively, the computer system
115 includes a CPU 120, storage 125 (e.g., a disk drive,
optical disk drive, floppy disk drive, and the like), and a
memory 130 which includes both a computer vision engine
135 and a machine-learning engine 140. As described in
greater detail below, the computer vision engine 135 and the
machine-learning engine 140 may provide software applica-
tions configured to analyze a sequence of video frames pro-
vided by the video input 105.

Network 110 receives video data (e.g., video stream(s),
video images, or the like) from the video input source 105.
The video input source 105 may be a video camera, a VCR,
DVR, DVD, computer, web-cam device, or the like. For
example, the video input source 105 may be a stationary
video camera aimed at a certain area (e.g., a subway station,
a parking lot, a building entry/exit, etc.), which records the
events taking place therein. Generally, the area visible to the
camera is referred to as the “scene.” The video input source
105 may be configured to record the scene as a sequence of
individual video frames at a specified frame-rate (e.g., 24
frames per second), where each frame includes a fixed num-
ber of pixels (e.g., 320x240). Each pixel of each frame may
specify a color value (e.g., an RGB value) or grayscale value
(e.g., a radiance value between 0-255). Further, the video
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stream may be formatted using known formats including
MPEG2, MIPEG, MPEG4, H.263, H.264, and the like.

In one embodiment, video input source 105 may capture
infrared spectrum instead of visible light. Further, multiple
cameras could be band-pass filtered to capture different
wavelength bands within the infrared spectrum. In such a
case, images from each camera could be registered to one
another, allowing a composite image to be generated from the
multiple cameras. As described in greater detail below, by
using multiple observations of the sea surface in different
wavelength bands of the infrared spectrum, the contrast
between oil on seawater may be enhanced, making it more
readily detectable to the background foreground module. In
one embodiment, the computer vision engine may filter clut-
ter from video input source, reducing input images to largely
black (background) regions representing seawater and white
(foreground) regions representing oil in the field of view to
the cameras. In turn, the machine learning engine learns to
filter noise from the observations of sea-surface oil, and gen-
erates alerts after observing an unusual appearance (or behav-
ior) of sea-surface oil. Examples of noise include that result in
false-positive foreground blobs (i.e., false positive detections
of'patches of sea-surface oil) include lighting, absorption, and
extinction artifacts in the video frames.

In one embodiment, the computer vision engine 135 is
configured to receive input from a multiplexor module which
multiplexes multiple data channels. Alternatively, the com-
puter vision engine 135 may itself include the multiplexor
module. In one embodiment, the multiplexor module may
process data from three (or more) channels, co-adding image
data and performing operations on the video streams. Each
channel may correspond to a camera capturing a different
portion of the infrared spectrum. The cameras may be posi-
tioned collinear to one another. That is, the cameras may each
share a substantially identical field of view. Further, the image
from each camera may be registered to one another. As noted,
however, each camera may cover a different band of the
infrared spectrum. That is, each camera subsamples a difter-
ent band of the infrared spectrum. In one embodiment, each
camera is a long wavelength infrared (LWIR) camera with
configurable filters. The multiplexor module may take the
video signals from the video sources, combine them, as fur-
ther described herein, and pass the information to the com-
puter vision engine 135.

As noted above, the computer vision engine 135 may be
configured to analyze image data (whether in the visible or IR
spectrum (or otherwise)) to identify objects in the video
stream, identify a variety of appearance and kinematic fea-
tures used by a machine learning engine 140 to derive object
classifications, derive a variety of metadata regarding the
actions and interactions of such objects, and supply this infor-
mation to the machine-learning engine 140. And in turn, the
machine-learning engine 140 may be configured to evaluate,
observe, learn and remember details regarding events (and
types of events) that transpire within the scene over time.

In one embodiment, the machine-learning engine 140
receives the video frames and the data generated by the com-
puter vision engine 135. The machine-learning engine 140
may be configured to analyze the received data, cluster
objects having similar visual and/or kinematic features, build
semantic representations of events depicted in the video
frames. Over time, the machine learning engine 140 learns
expected patterns of behavior for objects that map to a given
cluster. Thus, over time, the machine learning engine learns
from these observed patterns to identify normal and/or abnor-
mal events. That is, rather than having patterns, objects,
object types, or activities defined in advance, the machine
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6

learning engine 140 builds its own model of what different
object types have been observed (e.g., based on clusters of
kinematic and or appearance features) as well as a model of
expected behavior for a given object type. Thereafter, the
machine learning engine can decide whether the behavior of
an observed event is anomalous or not based on prior learn-
ing.

Data describing whether anomalous sea-surface oil has
been determined and/or describing the anomalous sea-sur-
face oil may be provided to output devices 118 to issue alerts
(e.g., an alert message presented on a GUI interface screen).

In general, the computer vision engine 135 and the
machine-learning engine 140 both process video data in real-
time. However, time scales for processing information by the
computer vision engine 135 and the machine-learning engine
140 may differ. For example, in one embodiment, the com-
puter vision engine 135 processes the received video data
frame-by-frame, while the machine-learning engine 140 pro-
cesses data every N-frames. In other words, while the com-
puter vision engine 135 may analyze each frame in real-time
to derive a set of appearance and kinematic data related to
objects observed in the frame, the machine-learning engine
140 is not constrained by the real-time frame rate of the video
input.

Note, however, FIG. 1 illustrates merely one possible
arrangement of the behavior-recognition system 100. For
example, although the video input source 105 is shown con-
nected to the computer system 115 via the network 110, the
network 110 is not always present or needed (e.g., the video
input source 105 may be directly connected to the computer
system 115). Further, various components and modules of the
behavior-recognition system 100 may be implemented in
other systems. For example, in one embodiment, the com-
puter vision engine 135 may be implemented as a part of a
video input device (e.g., as a firmware component wired
directly into a video camera). In such a case, the output of the
video camera may be provided to the machine-learning
engine 140 for analysis. Similarly, the output from the com-
puter vision engine 135 and machine-learning engine 140
may be supplied over computer network 110 to other com-
puter systems. For example, the computer vision engine 135
and machine-learning engine 140 may be installed on a server
system and configured to process video from multiple input
sources (i.e., from multiple cameras). In such a case, a client
application 250 running on another computer system may
request (or receive) the results of over network 110.

FIG. 2 further illustrates components of the computer
vision engine 135 and the machine-learning engine 140 first
illustrated in FIG. 1, according to one embodiment of the
invention. As shown, the computer vision engine 135
includes a background/foreground (BG/FG) component 205,
a tracker component 210, an estimator/identifier component
215, and a context processor component 220. Collectively,
the components 205, 210, 215, and 220 provide a pipeline for
processing an incoming sequence of video frames supplied
by the video input source 105 (indicated by the solid arrows
linking the components). Additionally, the output of one com-
ponent may be provided to multiple stages of the component
pipeline (as indicated by the dashed arrows) as well as to the
machine-learning engine 140. In one embodiment, the com-
ponents 205, 210, 215, and 220 may each provide a software
module configured to provide the functions described herein.
Of course one of ordinary skill in the art will recognize that
the components 205, 210, 215, and 220 may be combined (or
further subdivided) to suit the needs of a particular case and
further that additional components may be added (or some
may be removed) from a video surveillance system.
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In one embodiment, the BG/FG component 205 may be
configured to separate each frame of video provided by the
video input source 105 into a static part (the scene back-
ground) and a collection of volatile parts (the scene fore-
ground). The frame itself may include a two-dimensional
array of pixel values for multiple channels (e.g., RGB chan-
nels for color video or grayscale channel or radiance channel
for black and white video). In one embodiment, the BG/FG
component 205 may model background states for each pixel
using an adaptive resonance theory (ART) network. That is,
each pixel may be classified as depicting scene foreground or
scene background using an ART network modeling a given
pixel. Of course, other approaches to distinguish between
scene foreground and background may be used. Again, in
context of this discussion, the background may generally
corresponds to pixels depicting seawater, whereas foreground
may generally correspond to pixels depicting sea-surface oil.

Additionally, the BG/FG component 205 may be config-
ured to generate a mask used to identify which pixels of the
scene are classified as depicting foreground and, conversely,
which pixels are classified as depicting scene background.
The BG/FG component 205 then identifies regions of the
scene that contain a portion of scene foreground (referred to
as a foreground “blob” or “patch™) and supplies this informa-
tion to subsequent stages of the pipeline. Additionally, pixels
classified as depicting scene background may be used to
generate a background image modeling the scene.

In context of detecting and evaluating sea-surface oil, the
BG/FG component classifies pixels depicting surface oil as
foreground. Thus, the computer vision engine is being used as
a “blob” detector/tracker, where blobs of pixels classified as
foreground correspond to patches of sea-surface oil. Insuch a
case, blobs do not need to address occlusion or depth order-
ing. Instead, blobs that intersect may be merged.

The tracker component 210 may receive the foreground
patches produced by the BG/FG component 205 and generate
computational models for the patches. The tracker compo-
nent 210 may be configured to use this information, and each
successive frame of raw-video, to attempt to track the motion
of'an object depicted by a given foreground patch as it moves
about the scene. That is, the tracker component 210 provides
continuity to other elements of the system by tracking a given
object from frame-to-frame.

The estimator/identifier component 215 may receive the
output of the tracker component 210 (and the BF/FG compo-
nent 205) and identify a variety of kinematic and/or appear-
ance features of a foreground object, e.g., size, height, width,
and area (in pixels), reflectivity, shininess rigidity, speed
velocity, etc.

In context of detecting sea-surface oil, the features of a
foreground object (a blob of pixels) may include the location
and sizes of a foreground blob. Note, the computer vision
engine could correct for distance and the solid angle effects
distorting the size of a foreground object detected at different
areas within the field of view of a camera. Other features of a
foreground blob may include rates of change in blob size
and/or a measure of intensity (i.e., how bright the blob is),
motion characteristics of the foreground blobs, whether the
foreground blobs have non-sharp edges, whether the fore-
ground blobs have high fractal dimension, and whether the
foreground blobs are asymmetrical.

The context processor component 220 may receive the
output from other stages of the pipeline (i.e., the tracked
objects, the background and foreground models, and the
results of the estimator/identifier component 215). Using this
information, the context processor 220 may be configured to
generate a stream of context events regarding objects tracked
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(by tracker component 210) and evaluated (by estimator iden-
tifier component 215). For example, the context processor
component 220 may package a stream of micro-feature vec-
tors and kinematic observations of an object and output this to
the machine-learning engine 140, e.g., at arate of 5 Hz. In one
embodiment, the context events are packaged as a trajectory.
As used herein, a trajectory generally refers to a vector pack-
aging the kinematic data of a particular foreground object in
successive frames or samples. Each element in the trajectory
represents the kinematic data captured for that object at a
particular point in time. Typically, a complete trajectory
includes the kinematic data obtained when an object is first
observed in a frame of video along with each successive
observation of that object up to when it leaves the scene (or
becomes stationary to the point of dissolving into the frame
background). Accordingly, assuming computer vision engine
135 is operating at a rate of 5 Hz, a trajectory for an object is
updated every 200 milliseconds, until complete.

The computer vision engine 135 may take the output from
the components 205, 210, 215, and 220 describing the
motions and actions of the tracked objects in the scene and
supply this information to the machine-learning engine 140.
In context of detecting sea-surface oil, the context event pack-
age may include a list of foreground blobs (patches of surface
oil) detected by the computer vision engine 135, the size and
position of each blob, and a trajectory of a blob observed over
time. The context event package passed to the machine learn-
ing engine 140 could also include any other features of a
foreground object detected or generated by components of
the computer vision engine 136, as well as the raw data
received from the video feeds.

Tustratively, the machine-learning engine 140 includes a
long-term memory 225, a perceptual memory 230, an epi-
sodic memory 235, a workspace 240, codelets 245, a micro-
feature classifier 255, a cluster layer 260 and a sequence layer
265. Additionally, the machine-learning engine 140 includes
a client application 250, allowing the user to interact with the
video surveillance system 100 using a graphical user inter-
face. Further still, the machine-learning engine 140 includes
an event bus 222. In one embodiment, the components of the
computer vision engine 135 and machine-learning engine
140 output data to the event bus 222. At the same time, the
components of the machine-learning engine 140 may also
subscribe to receive different event streams from the event
bus 222. For example, the micro-feature classifier 255 may
subscribe to receive the micro-feature vectors output from the
computer vision engine 135.

Generally, the workspace 240 provides a computational
engine for the machine-learning engine 140. For example, the
workspace 240 may be configured to copy information from
the perceptual memory 230, retrieve relevant memories from
the episodic memory 235 and the long-term memory 225,
select which codelets 245 to execute. Each codelet 245 may
be a software program configured to evaluate different
sequences of events and to determine how one sequence may
follow (or otherwise relate to) another (e.g., a finite state
machine). More generally, each codelet may provide a soft-
ware module configured to detect interesting patterns from
the streams of data fed to the machine-learning engine. In
turn, the codelet 245 may create, retrieve, reinforce, or
modify memories in the episodic memory 235 and the long-
term memory 225. By repeatedly scheduling codelets 245 for
execution, copying memories and percepts to/from the work-
space 240, the machine-learning engine 140 performs a cog-
nitive cycle used to observe, and learn, about patterns of
behavior that occur within the scene.
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In one embodiment, the perceptual memory 230, the epi-
sodic memory 235, and the long-term memory 225 are used to
identify patterns of behavior, evaluate events that transpire in
the scene, and encode and store observations. Generally, the
perceptual memory 230 receives the output of the computer
vision engine 135 (e.g., the context event stream). The epi-
sodic memory 235 stores data representing observed events
with details related to a particular episode, e.g., information
describing time and space details related to an event. That is,
the episodic memory 235 may encode specific details of a
particular event, i.e., “what and where” something occurred
within a scene, such as a particular vehicle (car A) moved to
a location believed to be a parking space (parking space 5) at
9:43 AM.

In contrast, the long-term memory 225 may store data
generalizing events observed in the scene. To continue with
the example of a vehicle parking, the long-term memory 225
may encode information capturing observations and gener-
alizations learned by an analysis of the behavior of objects in
the scene such as “vehicles in certain areas of the scene tend
to be in motion,” “vehicles tend to stop in certain areas of the
scene,” etc. Thus, the long-term memory 225 stores observa-
tions about what happens within a scene with much of the
particular episodic details stripped away. In this way, when a
new event occurs, memories from the episodic memory 235
and the long-term memory 225 may be used to relate and
understand a current event, i.e., the new event may be com-
pared with past experience, leading to both reinforcement,
decay, and adjustments to the information stored in the long-
term memory 225, over time. In a particular embodiment, the
long-term memory 225 may be implemented as an ART net-
work and a sparse-distributed memory data structure.

The micro-feature classifier 255 may schedule a codelet
245 to evaluate the micro-feature vectors output by the com-
puter vision engine 135. As noted, the computer vision engine
135 may track objects frame-to-frame and generate micro-
feature vectors for each foreground object at a rate of, e.g., 5
Hz. In one embodiment, the micro-feature classifier 255 may
be configured to create clusters from this stream of micro-
feature vectors. For example, each micro-feature vector may
be supplied to an input layer of the ART network (or a com-
bination of a self organizing map (SOM) and ART network
used to cluster nodes in the SOM). In response, the ART
network maps the micro-feature vector to a cluster in the ART
network and updates that cluster (or creates a new cluster if
the input micro-feature vector is sufficiently dissimilar to the
existing clusters). Each cluster is presumed to represent a
distinct object type, and objects sharing similar micro-feature
vectors (as determined using the choice and vigilance param-
eters of the ART network) may map to the same cluster.

For example, the micro-features associated with observa-
tions of many different vehicles may be similar enough to
map to the same cluster (or group of clusters). At the same
time, observations of many different people may map to a
different cluster (or group of clusters) than the vehicles clus-
ter. Thus, each distinct cluster in the art network generally
represents a distinct type of object acting within the scene.
And as new objects enter the scene, new object types may
emerge in the ART network.

Importantly, however, this approach does not require the
different object type classifications to be defined in advance;
instead, object types emerge over time as distinct clusters in
the ART network. In one embodiment, the micro-feature clas-
sifier 255 may assign an object type identifier to each cluster,
providing a different object type for each cluster in the ART
network.
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In an alternative embodiment, rather than generate clusters
from the micro-features vector directly, the micro-feature
classifier 255 may supply the micro-feature vectors to a self-
organizing map structure (SOM). In such a case, the ART
network may cluster nodes of the SOM—and assign an object
type identifier to each cluster. In such a case, each SOM node
mapping to the same cluster is presumed to represent an
instance of a common type of object.

As shown, the machine-learning engine 140 also includes
acluster layer 260 and a sequence layer 265. The cluster layer
260 may be configured to generate clusters from the trajec-
tories of objects classified by the micro-feature classifier 255
as being an instance of a common object type. In one embodi-
ment, the cluster layer 260 uses a combination of a self-
organizing map (SOM) and an ART network to cluster the
kinematic data in the trajectories. Once the trajectories are
clustered, the sequence layer 265 may be configured to gen-
erate sequences encoding the observed patterns of behavior
represented by the trajectories. And once generated, the
sequence layer may identify segments within a sequence
using a voting experts technique. Further, the sequence layer
265 may be configured to identity anomalous segments and
sequences.

In context of detecting sea-surface oil, the machine learn-
ing engine 140 may observe foreground blobs (presumably
patches of sea-surface oil) and, over time, identify where
patches tend to appear, how frequently patches appear, how
long a patch remains, how large patches tend to be, etc. And
after observing a sea-surface area for a period of time, the
machine learning engine 140 may distinguish between (1)
patches of surface oil that occur incident to the normal opera-
tions of an offshore drilling platform and other spurious oil
patches, and (2) patches of surface oil that need to be inves-
tigated or evaluated by platform personnel. That is, given the
complexity of a maritime environment, the complexity of
reflections and spurious light and oil observations in the prox-
imity of boats, ships and offshore platforms, the machine
learning engine 140 is used to learn to identify what are
“normal” observations of sea-surface oil and what are “abnor-
mal” or “unusual” observations that require investigation.
Detecting Anomalous Sea-Surface Oil in a Machine-Learn-
ing Video Analytics System

As noted above, a machine-learning video analytics system
may be configured to use a computer vision engine to observe
a scene, generate information streams of observed activity,
and to pass the streams to a machine learning engine. In turn,
the machine learning engine may engage in an undirected and
unsupervised learning approach to learn patterns regarding
the object behaviors in that scene. Thereafter, when unex-
pected (i.e., abnormal or unusual) behavior is observed, alerts
may be generated.

In one embodiment, a multiplexor module is configured to
receive video streams (also referred to herein as “signals™)
from three or more long-wavelength infrared (LWIR) cam-
eras whose output is filtered by distinct band-pass filters and
multiplex the signals to generate a single synthetic signal
whose brightness indicates a match with an IR signature of
sea-surface oil. A computer vision engine determines, from
the synthetic signal, foreground blobs representing patches of
contiguous pixels having values indicating a match to the IR
signature of oil, and further extracts features such as position,
size, change in size, etc. which are pertinent to sea-surface oil.
In turn, a machine learning engine is configured to build
models of behaviors within the scene based on the foreground
blobs and extracted features, and determine whether obser-
vations indicate that the behavior of an object is anomalous or
not, relative to the model. In one embodiment, e.g., the
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machine learning engine may model observed sea-surface oil
over time (including spurious oil), and determine whether any
given foreground blob corresponding to sea-surface oil is
unusual or anomalous relative to prior sea-surface oil which
has been observed. The machine learning engine may issue an
alert when anomalous sea-surface oil is observed so that the
oil may be investigated.

FIG. 3 illustrates a system for generating a synthetic video
stream for detecting sea-surface oil and deriving expected
patterns in the synthetic video stream, according to one
embodiment. As shown, the system includes LWIR cameras
310-330 which capture the “thermal” part of the light spec-
trum. Captured light from each of the cameras 310-300 is
filtered using a respective spectral band-pass filter to generate
filtered signals in a distinct wavelength band.

According to physics theory, objects made of normal mat-
ter (e.g., electrons, protons, and neutrons) and having finite
non-zero temperatures continuously emit electromagnetic
radiation. Depending on the temperature of a given object, the
emitted radiation may mostly be X-rays, ultraviolet light,
visible light, infrared light, microwaves, or radio waves. An
idealized object called a blackbody that is perfectly efficient
atthis process would emit radiation energy as a function of the
wavelength of the light according to Planck’s law:

2he? |3 (69)

B/\(T) = m >

where, h is Planck’s constant, ¢ is the speed of light, k is
Boltzmann’s constant, A is the wavelength of emitted radia-
tion, and T is the temperature (° K) of the emitting object.
Real physical objects are not perfectly efficient radiators of
electromagnetic radiation, and emit a different distribution of
energy than Plank’s law given by:

2he? JA° 2)

BT, = o

a(T, 0),

where €, is the spectral emissivity and will generally be a
complicated function of wavelength, angle, and temperature,
as an object can radiate more efficiently in some directions
and/or colors of light than others and this dependence may
vary with temperature. A related quantity, the spectral reflec-
tivity p,, that describes what fraction of energy incident upon
an object is reflected back, may likewise be a function of
temperature, angle, and wavelength.

The spectral emissivity and spectral reflectivity of oil and
water at different temperatures are well-known. The contrast
(i.e., the difference) between modeled spectral radiances
(here, the combination of emission and reflected radiances) of
seawater and oil is shown in FIG. 4, which depicts the con-
trasts Iradiance,,~radiance,, | at various temperatures from
275-325° K during the daytime 410 and during the nighttime
420. Note, the observed ocean will typically be acting as an
emissive source of radiation with a temperature somewhere
between 275° K and 325° K at nighttime, and during the
daytime, there will be additional components to the radiation
field corresponding to the reflected sunlight as well. In one
embodiment, the contrast, at a given temperature, between
the emitted radiance curves of seawater versus oil and/or
reflected radiance of seawater versus oil, or a combination of
the two, may be used to distinguish between water and oil. For
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example, oil and seawater may be distinguished using an
approach which is sensitive to the shape of the curves in FIG.
4.

Returning to FIG. 3, a thermal camera multiplexor module
340 may be configured to multiplex the input from cameras
310-330 equipped with band-pass filters, producing signals
B,, B,, and B;. Each of signals B,, B,, and B; may produce a
single data-point per image-pixel corresponding to a gray-
scale brightness of the scene in that particular spectral band.
In one embodiment, signal B, may be generated using a
8.0-9.0 pm band-pass filter, signal B, may be generated using
a 8.0-11.5 pm band-pass filter, and signal B; may be gener-
ated using an 8.0-13.0 pm band-pass filter. In alternative
embodiments, other band-pass filters may be used, including
more (or fewer) than three band-pass filters and band-pass
filters for different wavelength ranges. In yet another embodi-
ment, vertical polarizing filters may also be used to minimize
specular reflection effects.

The multiplexor module 340 may then compute the differ-
ence between the inputs a=B,-B,, b=B,-B,, c=B;-B, at
342, ; and examine the relative sizes of the contrast values. In
one embodiment, given the differences between the inputs a,
b, and ¢, the multiplexor module 340 may generate a synthetic
discriminant video stream by taking the ratio

si(s1 +a)(s2 +b)
(s2+0)?

where s, and s, are constants which normalize the ratio to,
e.g., therange [0, 1], with O being water and 1 being oil. Here,
the synthetic video stream is directly proportional to the dif-
ferences a and b which correspond to contrasts between
wavelength ranges in which difference between radiance
from seawater is substantially greater than difference
between radiance from oil, and inversely proportional to the
difference ¢ which corresponds to a contrast between wave-
length ranges in which difference between radiance from oil
is substantially greater than difference between radiance from
seawater. As a result, the synthetic video stream is a synthetic
video stream which tends to maximize the contrast between
the spectral signatures of water and oil. That is, the synthetic
video stream may be a black-and-white video stream in which
the brightness of respective image pixels correspond to how
closely the IR signature of the pixel matches what would be
expected from oil.

As shown, the synthetic discriminant video stream output
by the multiplexor module 340 is subsequently input to video
analysis system 350, which is similar to the video analysis
system described in conjunction with FIGS. 1-2. The video
analysis system 350 may include a computer vision engine
which determines, from the synthetic video stream, fore-
ground blobs representing patches of contiguous pixels hav-
ing values indicating a match to the IR signature of oil using,
e.g., per-pixel ART networks, as previously discussed. The
computer vision engine may also extract features such as
locations and sizes of foreground blobs, rates of change in
blob size and/or a measure of intensity (i.e., how bright the
blob is), motion characteristics of the foreground blobs,
whether the foreground blobs have non-sharp edges, whether
the foreground blobs have high fractal dimension, and
whether the foreground blobs are asymmetrical, etc. which
are pertinent to sea-surface oil. The video analysis system 350
may further include a machine learning engine which
receives the foreground blobs and features extracted by the
computer vision engine, and which engages in undirected and
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unsupervised learning to discern patterns of object behaviors
in the scene of the synthetic discriminant video stream, dis-
cussed in greater detail below. Thereafter, when unexpected
(i.e., abnormal or unusual) sea-surface oil is observed, the
machine learning engine may generate an alert so that the
sea-surface oil may be investigated.

FIG. 5 illustrates an exemplary geometry for mounting
video cameras on an offshore oil platform 510, according to
one embodiment. As shown, the oil platform 510 includes a
mast 515 on which one or more sets of LWIR cameras 520 are
mounted, at a height h above a sea surface 500, to observe the
sea surface 500. Each set of LWIR cameras may include three
or more cameras, with the signal of each camera in the set
filtered by a band-pass filter for a distinct wavelength range
and the filtered signal being multiplexed to generate a syn-
thetic discriminant video stream that is input to a video analy-
sis system. In one embodiment, several sets of fixed cameras,
each oriented toward a different azimuth, may be used to
achieve full 360° azimuthal coverage of the sea surface. In an
alternative embodiment, a single set of cameras may be con-
figured to perform a continuing guard-tour sweep to achieve
full azimuthal coverage.

Tlustratively, the cameras 520 are able to view a segment of
the sea surface beginning from near the platform 510 atr, and
extending out to a distance r,, which may be, e.g., several
kilometers away from the platform 510. In one embodiment,
wide-angle camera lenses may be used to view a relatively
large portion of the sea surface. Generally, the higher the
cameras 520 are placed (i.e., the greater h is), the further away
the apparent horizon will be, and the further the cameras 520
will be able to see. However, due to effects from, e.g., sea-
surface spray and aerosols, discrimination of oil from seawa-
ter may not be possible out to the horizon itself. The particular
maximum distance and limiting ranges may depend on the
cameras 520 used, the arrangement of the oil platform 510,
among other things.

FIG. 6 illustrates a method 600 for detecting and reporting
on anomalous sea-surface oil, according to one embodiment.
As shown, the method 600 begins at step 610, where a camera
multiplexor module receives video frames from LWIR cam-
eras with distinct spectral band-pass filters. In one embodi-
ment, three or more cameras may be used for purposes of
detecting surface oil, and the band-pass filters may be chosen
s0 as to let through light in wavelength ranges in which the
radiance contrast between seawater and surface oil is rela-
tively large. Doing so may permit the spectral radiance sig-
natures of seawater and surface oil to be more clearly distin-
guishable from each other. In a particular embodiment, video
frames B,, B,, and B, may be received, with the B, signal
being filtered by a 8.0-9.0 um band-pass filter, the B, signal
being filtered by a 8.0-11.5 um band-pass filter, and the B,
signal being filtered by a 8.0-13.0 pm band-pass filter. Note,
the specific bands here are representative values given for
illustrative purposes, and the actual bands used may be dif-
ferent in other embodiments.

Atstep 620, the multiplexor module combines the received
frames to create a synthetic discriminant video stream with
brightness corresponding to a match with the IR signature of
oil. In one embodiment, the multiplexor module may com-
pute differences between pairs of received video frames in
different wavelength ranges. In such a case, the synthetic
video stream may be directly proportional to the difference(s)
which correspond to contrasts between wavelength ranges in
which difference between radiance from seawater is substan-
tially greater than difference between radiance from oil, and
inversely proportional to difference(s) which correspond to
contrast between wavelength ranges in which difference
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between radiance from oil is substantially greater than differ-
ence between radiance from seawater, or vice versa. Return-
ing to the example of received signals B, B,, and B dis-
cussed above, the multiplexor module may compute the
difference between the inputs a=B,-B,, b=B,-B,,c=B,-B,,
and generate the discriminant video stream by taking the ratio

s1(sy +a)(sz +b)
(s2+0)?
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where s, and s, are constants which normalize the ratio to,
e.g., the range [0, 1], with O being water and 1 being oil. In
alternative embodiments, the particular form of the equation
for multiplexing the received frames to generate a discrimi-
nant signal may be different.

At step 630, a video analysis system analyzes and learns
behavioral patterns in the synthetic video stream. As dis-
cussed, a computer vision engine of the video analysis system
may separate foreground blobs depicting oil from back-
ground depicting seawater given the synthetic discriminant
video stream with brightness corresponding to a match with
the IR signature of oil. For example, the computer vision
engine may model the scene background and select pixels as
foreground using per-pixel ART networks, discussed above.
Contiguous regions of pixels classified as foreground may
eventually be passed to the machine learning engine.

As discussed, the computer vision engine may also include
an estimator/identifier component which identifies kinematic
and/or appearance features of foreground objects such as size,
height, width, and area (in pixels), reflectivity, shininess
rigidity, speed velocity, etc. In one embodiment, features used
to determine sea-surface oil may include the locations and
sizes of foreground blobs, rates of change in blob size and/or
a measure of intensity (i.e., how bright the blob is), motion
characteristics of the foreground blobs, whether the fore-
ground blobs have non-sharp edges, whether the foreground
blobs have high fractal dimension, and whether the fore-
ground blobs are asymmetrical. Such features may be par-
ticularly relevant to sea-surface oil, as surface oil blobs may
tend to be, e.g., irregular in shape and thus have high fractal
dimension, asymmetrical, lack sharp edges, move in certain
ways, appear in certain places and have certain sizes, etc.

The foreground blobs and extracted features are provided
to a machine learning engine of the video analysis system,
which may observe foreground blobs and, over time, identify
where patches tend to appear, how frequently patches appear,
how long patches remain (or remains depending on where it
appeared), how large patches tend to be, and characteristics
and/or patterns of other features as they tend to appear in the
scene. With the observations of the sea-surface area for a
period of time, the machine learning engine may build a
model of expected behavior in the scene. Doing so permits
commonly-occurring and spurious sea-surface oil patches,
which may be caused by, e.g., normal operation of the oil
platform, lighting artifacts or changes in the maritime envi-
ronment, etc. to be learned so that alerts are not generated
when such commonly-occurring false-positive patches are
observed. For example, using shape, location, or other
appearance features, the machine learning engine may auto-
matically learn to classify foreground blobs by shape, loca-
tion, and appearance. If an observed object in a later video
frame has oil-like characteristics, and is thus extracted by the
computer vision engine as a foreground blob, the machine
learning engine may determine, based on the shape, location,
or other appearance features of this new foreground blob,
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whether the blob is shaped, located, appears, etc. like objects
which were previously observed.

In one embodiment, the machine learning engine may
include a long-term memory storing data generalizing events
observed in the scene, where the long term memory is imple-
mented as ART network(s) and sparse-distributed memory
data structure(s), discussed above. In such a case, feature
vectors may be supplied to an input layer of the ART network
(or a combination of a self organizing map (SOM) and ART
network used to cluster nodes in the SOM), and the ART
network may map the micro-feature vector to a cluster in the
ART network and update that cluster (or create a new cluster
if the input micro-feature vector is sufficiently dissimilar to
the existing clusters). Over time, predictable “oil” patches,
whether resulting from oil generated incident to normal
operation of the platform or spurious patches resulting from
lighting artifacts or changes in the maritime environment,
may produce relatively dense ART network clusters. Then,
when another “oil” patch having a similar feature vector is
received, the machine learning engine may map this “oil”
patch to one of the dense clusters and, given such a mapping,
identify the patch as “normal.” That is, the system may learn
to ignore commonly-occurring and spurious sea-surface oil
patches caused by, e.g., normal operation of the oil platform,
lighting artifacts or changes in the maritime environment,
etc., which may produce relatively dense ART network clus-
ters.

Additional and further approaches for extracting objects
and features from video frames and learning and reporting on
behaviors in a scene are discussed in, e.g., U.S. Pat. No.
8,126,833, entitled “Detecting Anomalous Events Using a
Long-Term Memory in a Video Analysis System™; U.S. Pat.
No. 8,131,012, entitled “Behavioral Recognition System”;
U.S. Pat. No. 8,167,430, entitled “Unsupervised Learning of
Temporal Anomalies for a Video Surveillance System™; U.S.
Pat. No. 8,180,105, entitled “Classifier Anomalies for
Observed Behaviors in a Video Surveillance System™; U.S.
Pat. No. 8,189,905, entitled “Cognitive Model for a Machine-
Learning Engine in a Video Analysis System™; U.S. Pat. No.
8,218,818, entitled “Foreground Object Tracking™; U.S. Pat.
No. 8,270,733, entitled “Identifying Anomalous Object
Types During Classification™; U.S. Pat. No. 8,285,060,
entitled “Detecting Anomalous Trajectories in a Video Sur-
veillance System™; U.S. Pat. No. 8,300,924, entitled “Tracker
Component for Behavioral Recognition System™; U.S. Pat.
No. 8,358,834, entitled “Background Model for Complex and
Dynamic Scenes”; U.S. Pat. No. 8,411,935, entitled “Seman-
tic Representation Module of a Machine-L.earning Engine in
a Video Analysis System”; U.S. Pat. No. 8,416,296, entitled
“Mapper Component for Multiple Art Networks in a Video
Analysis System™; and U.S. Pat. No. 8,494,222 entitled
“Classifier Anomalies for Observed Behaviors in a Video
Surveillance System,” which are hereby incorporated by ref-
erence in their entirety.

At step 640, video analysis system generates alerts when
anomalous behavior is observed. As discussed, the machine
learning engine may, over time, learn to distinguish between
observed patches of sea-surface oil that occur normally and
patches of surface oil that do not, and are thus anomalous.
When such an anomalous surface oil patch is observed, the
video analysis system may issue to an alert to, e.g., a user
interface, so that the anomalous surface oil patch may be
investigated.

Although discussed above with respect to distinguishing
oil from seawater, techniques disclosed herein may be used to
distinguish other objects having different spectral radiance
signatures from one another. In such cases, the radiation need
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not be infrared light, and may instead be X-rays, ultraviolet
light, visible light, microwaves, or radio waves, and appro-
priate cameras and/or filters may be used to capture the radia-
tion. Further, although discussed above with respect to cam-
eras, other devices, such as spectrometers, may be used in lieu
of cameras.

Advantageously, techniques disclosed herein permit sur-
face oil to be distinguished from seawater using input from
multiple LWIR cameras whose signals are band-pass filtered
and multiplexed to generate a single synthetic discriminant
signal. Patterns of behavior in the scene are then learned so
that anomalous sea-surface oil patches, which may result
from oil spills or leaks, may be reported while other surface
oil patches from normal operation of the oil platform or
spurious patches from changing maritime conditions, etc. are
not reported.

While the foregoing is directed to embodiments of the
present invention, other and further embodiments of the
invention may be devised without departing from the basic
scope thereof, and the scope thereof is determined by the
claims that follow.

What is claimed is:

1. A computer-implemented method for analyzing a scene
depicted in an input stream of video frames, the method
comprising:

for one or more of the video frames:

identifying one or more foreground blobs in the video
frames,

wherein each foreground blob corresponds to one or more

contiguous pixels of the video frame determined to
depict sea-surface oil; and

evaluating the one or more foreground blobs to derive

expected patterns of observations of sea-surface oil.

2. The method of claim 1, wherein the input stream of video
frames is generated by combining filtered video frames gen-
erated by three or more long-wavelength infrared (LWIR)
cameras whose signals are filtered by band-pass filters allow-
ing light in respective wavelength ranges to pass.

3. The method of claim 2, wherein the wavelength ranges
are substantially 8-9 micrometers, 8-11.5 micrometers, and
8-13 micrometers.

4. The method of claim 2, wherein the signals of the LWIR
cameras are further filtered by one or more polarizing filters.

5. The method of claim 2, wherein the LWIR cameras are
mounted to observe an area surrounding an offshore oil plat-
form.

6. The method of claim 2, wherein combining the video
frames includes determining differences between pairs of the
filtered video frames generated by respective LWIR cameras,
and wherein the input stream of video frames is directly
proportional to the differences which correspond to contrasts
between wavelength ranges in which difference between
radiance from seawater is substantially greater than differ-
ence between radiance from oil, and inversely proportional to
differences which correspond to contrast between wave-
length ranges in which difference between radiance from oil
is substantially greater than difference between radiance from
seawater, or vice versa.

7. The method of claim 1, further comprising:

receiving a set of foreground blobs identified in a subse-

quent one of the video frames; and

upon determining that at least a first one of the foreground

blobs does not correspond to at least one of the expected
patterns of occurrences of sea-surface oil, generating an
alert message.

8. The method of claim 1, wherein the foreground blobs are
evaluated based on one or more features associated with the
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foreground blobs, wherein the features include at least one of
locations of the blobs, sizes of the blobs, rates of change in
blob sizes, a measure of intensity of the blobs, motion char-
acteristics of the blobs, whether the blobs have non-sharp
edges, whether the blobs have high fractal dimension, and
whether the blobs are asymmetrical.

9. The method of claim 1, wherein the expected patterns of
observations of sea-surface oil are learned using an adaptive
resonance theory (ART) network or a combination of an ART
network and a self-organizing map (SOM).

10. A non-transitory computer-readable storage medium
storing instructions, which when executed by a computer
system, perform operations for analyzing a scene depicted in
an input stream of video frames, the operations comprising:

for one or more of the video frames:

identifying one or more foreground blobs in the video
frames,

wherein each foreground blob corresponds to one or more

contiguous pixels of the video frame determined to
depict sea-surface oil; and

evaluating the one or more foreground blobs to derive

expected patterns of observations of sea-surface oil.

11. The computer-readable storage medium of claim 10,
wherein the input stream of video frames is generated by
combining filtered video frames generated by three or more
long-wavelength infrared (LWIR) cameras whose signals are
filtered by band-pass filters allowing light in respective wave-
length ranges to pass.

12. The computer-readable storage medium of claim 11,
wherein the wavelength ranges are substantially 8-9
micrometers, 8-11.5 micrometers, and 8-13 micrometers.

13. The computer-readable storage medium of claim 11,
wherein the signals of the LWIR cameras are further filtered
by one or more polarizing filters.

14. The computer-readable storage medium of claim 11,
wherein the LWIR cameras are mounted to observe an area
surrounding an offshore oil platform.

15. The computer-readable storage medium of claim 11,
wherein combining the video frames includes determining
differences between pairs of the filtered video frames gener-
ated by respective LWIR cameras, and wherein the input
stream of video frames is directly proportional to the differ-
ences which correspond to contrasts between wavelength
ranges in which difference between radiance from seawater is
substantially greater than difference between radiance from
oil, and inversely proportional to differences which corre-
spond to contrast between wavelength ranges in which dif-
ference between radiance from oil is substantially greater
than difference between radiance from seawater, or vice
versa.

16. The computer-readable storage medium of claim 10,
the operations further comprising:

after deriving the expected patterns of occurrences of sea-

surface oil:

receiving a set of foreground blobs identified in a sub-
sequent one of the video frames; and

upon determining that at least a first one of the fore-
ground blobs does not correspond to at least one of the
expected patterns of occurrences of sea-surface oil,
generating an alert message.

17. The computer-readable storage medium of claim 10,
wherein the foreground blobs are evaluated based on one or
more features associated with the foreground blobs, wherein
the features include at least one of locations of the blobs, sizes
of the blobs, rates of change in blob sizes, a measure of
intensity of the blobs, motion characteristics of the blobs,
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whether the blobs have non-sharp edges, whether the blobs
have high fractal dimension, and whether the blobs are asym-
metrical.

18. The computer-readable storage medium of claim 10,
wherein the expected patterns of observations of sea-surface
oil are learned using an adaptive resonance theory (ART)
network or a combination of an ART network and a self-
organizing map (SOM).

19. A system, comprising:

a processor; and

a memory, wherein the memory includes an application

program configured to perform operations for analyzing

a scene depicted in an input stream of video frames, the

operations comprising:

for one or more of the video frames:
identifying one or more foreground blobs in the video

frames,

wherein each foreground blob corresponds to one or
more contiguous pixels of the video frame determined
to depict sea-surface oil, and

evaluating the one or more foreground blobs to derive
expected patterns of observations of sea-surface oil.

20. The system of claim 19, wherein the input stream of
video frames is generated by combining filtered video frames
generated by three or more long-wavelength infrared (LWIR)
cameras whose signals are filtered by band-pass filters allow-
ing light in respective wavelength ranges to pass.

21. The system of claim 20, wherein the LWIR cameras are
mounted to observe an area surrounding an offshore oil plat-
form.

22. The system of claim 20, wherein combining the video
frames includes determining differences between pairs of the
filtered video frames generated by respective LWIR cameras,
and wherein the input stream of video frames is directly
proportional to the differences which correspond to contrasts
between wavelength ranges in which difference between
radiance from seawater is substantially greater than differ-
ence between radiance from oil, and inversely proportional to
differences which correspond to contrast between wave-
length ranges in which difference between radiance from oil
is substantially greater than difference between radiance from
seawater, or vice versa.

23. The system of claim 19, the operations further com-
prising:

receiving a set of foreground blobs identified in a subse-

quent one of the video frames; and

upon determining that at least a first one of the foreground

blobs does not correspond to at least one of the expected
patterns of occurrences of sea-surface oil, generating an
alert message.

24. The system of claim 19, wherein the foreground blobs
are evaluated based on one or more features associated with
the foreground blobs, wherein the features include at least one
of'locations of the blobs, sizes of the blobs, rates of change in
blob sizes, a measure of intensity of the blobs, motion char-
acteristics of the blobs, whether the blobs have non-sharp
edges, whether the blobs have high fractal dimension, and
whether the blobs are asymmetrical.

25. A method of analyzing a scene depicted in an input
stream of video frames, comprising:

for one or more of the video frames:

identifying one or more foreground blobs in the video
frame, wherein each foreground blob corresponds to
contiguous pixels of the video frame determined by a
behavior recognition system to depict a patch of sea-
surface oil, wherein the behavior recognition system
is configured to learn to distinguish between fore-



US 9,104,918 B2
19

ground objects depicting patches of sea-surface oil
and false positive detections of patches of sea-surface
oil resulting from noise occurring in the one or more
video frames; and
upon determining one of the foreground blobs depicts a 5

patch of sea-surface oil deviates from expected pat-
terns of sea-surface oil derived by the behavior rec-
ognition system, generating an alert message.

26. The method of claim 25, wherein the noise comprises
one or more of lighting, absorption, and extinction artifacts in 10
the one or more video frames.

27. The method of claim 25, wherein the expected patterns
of observations of sea-surface oil are derived by the behavior
recognition system using an adaptive resonance theory (ART)
network or a combination of an ART network and a self- 15
organizing map (SOM).

#* #* #* #* #*

20



